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ABSTRACT 
 
 
 
Evaluation of forecast accuracy is very much influenced by the choice of 
accurate measurement since it can produce different conclusion from the empirical 
results.  Thus, it is important to use appropriate measurement in accordance to the 
purpose of forecasting.  Commonly, accuracy is measured in terms of error 
magnitude.  However, directional accuracy is as important as error magnitude 
especially in economics since it considers directional movement of the data.  This 
research attempted to combine the two types of measurements by introducing a new 
element, the slope value.  This proposed measure is known as square error modified 
of directional accuracy (SE-mDA).  Before that, the existing directional change error 
measurement was modified by comparing the direction of two subsequent forecasts 
data with two subsequent observed data.  Empirical application utilizing the monthly 
data of Malaysia and Bali tourism demand was used to compare the forecast 
performance between SARIMA, time series regression, Holt-Winter, intervention 
neural network and fuzzy time series.  The root mean square error, mean absolute 
percentage error, mean absolute deviation, Fisher’s exact test, Chi-square test, 
directional accuracy, directional value and the modified of directional change error 
were used in forecast accuracy evaluation.  The best forecast model in terms of     
SE-mDA for the data of Malaysia and Bali are Holt-Winters and neural network, 
respectively.  The main conclusion from this study is that SE-mDA is able to 
improve the forecasting performance assessment of error magnitude measurement by 
considering the directional movements.  At the same time it also enhances the 
available directional accuracy measurement by taking into account the difference 
between slopes of forecast data and observed data.  These improvements will help 
forecaster to choose the best forecasting method or model so as to produce the most 
accurate forecast.      
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ABSTRAK 
 
 
 
Penilaian terhadap ketepatan ramalan sangat dipengaruhi oleh pilihan 
pengukuran ketepatan kerana ia boleh memberi kesimpulan yang berbeza untuk 
keputusan-keputusan empirikal.  Oleh itu, adalah penting untuk menggunakan 
pengukuran yang sesuai mengikut tujuan peramalan.  Biasanya, ketepatan ramalan 
adalah berpandukan kepada ralat magnitud.  Walau bagaimanapun, ketepatan arah 
adalah sama pentingnya dengan ralat magnitud terutama dalam bidang ekonomi 
kerana ia mengambil kira pergerakan arah data.  Kajian ini cuba untuk 
menggabungkan kedua-dua jenis ukuran dengan memperkenalkan satu elemen baru 
iaitu nilai cerun.  Pengukuran yang dicadangkan ini dikenali sebagai ralat kuasa dua 
ketepatan arah diubahsuai (SE-mDA).  Sebelum itu, ukuran ralat perubahan arah 
yang sedia ada telah diubahsuai dengan membandingkan arah antara dua data 
ramalan yang berturutan dengan dua data sebenar yang berturutan.  Aplikasi 
empirikal dengan menggunakan data bulanan permintaan pelancongan di Malaysia 
dan Bali telah digunakan untuk membandingkan ketepatan ramalan antara model 
peramalan SARIMA, regresi siri masa, Holt-Winter, intervensi, rangkaian neural dan 
siri masa kabur.  Punca min ralat kuasa dua, ralat peratus min mutlak, ralat min 
mutlak, ujian Fisher, ujian khi-kuasa dua, ketepatan arah, nilai arah, ralat perubahan 
arah diubahsuai telah digunakan dalam penilaian ketepatan ramalan.  Model ramalan 
terbaik dari segi SE-mDA bagi masing-masing data Malaysia dan Bali adalah Holt-
Winters dan rangkaian  neural.  Kesimpulan utama daripada kajian ini ialah SE-mDA 
dapat meningkatkan kebolehan penilaian ramalan oleh pengukur ralat magnitud 
dengan mengambil kira pergerakan arah.  Pada masa yang sama, ia juga 
meningkatkan ketepatan pengukuran arah yang sedia ada dengan mengambil kira 
perbezaan kecerunan antara data ramalan dan data sebenar.  Peningkatan ini akan 
membantu peramal untuk memilih kaedah atau model ramalan terbaik yang dapat 
memberikan ramalan yang paling tepat. 
  
vii 
 
. 
TABLE OF CONTENTS 
 
 
 
CHAPTER TITLE PAGE 
   
 
DECLARATION  ii 
 
DEDICATION  iii 
 
ACKNOWLEDGEMENTS  iv 
 
ABSTRACT  v 
 
ABSTRAK  vi 
 
TABLE OF CONTENTS  vii 
 
LIST OF TABLES x 
 
LIST OF FIGURES xiii 
 
LIST OF ABBREVIATIONS xvi 
 LIST OF SYMBOLS xviii 
    
1 INTRODUCTION 1 
 1.1 Introduction 1 
 1.2 Research Background 3 
 1.3 Problem Statement 4 
 1.4 Research Questions 5 
 1.5 Objectives of the Study 5 
 1.6 Significance of the Study 6 
 1.7 Scope and Limitation of the Study 7 
 1.8 Structure of Thesis 8 
    
2 LITERATURE REVIEW 9 
 2.1 Introduction 9 
 2.2 Time Series Forecasting 10 
  2.2.1 Classical Methods 10 
viii 
 
  2.2.2 Modern Methods 11 
 2.3 Forecast Accuracy Measurements 14 
  2.3.1 Error Magnitude 15 
  2.3.2 Directional Change Error 16 
  2.3.3 Combination Approaches 17 
 2.4 Tourism Demand Modelling and Forecasting 18 
 2.5 Summary 20 
    
3 METHODOLOGY 24 
 3.1 Introduction 24 
 3.2 Time Series Forecasting Models 24 
  3.2.1 Classical Methods 25 
  3.2.2 Modern Methods 34 
 3.3 Measures of Forecasting Accuracy 43 
  3.3.1 Error Magnitude Measurements 44 
  3.3.2 Directional Change Error 45 
  3.3.3 Modified Directional Change Error 52 
 
 
3.3.4 Combination of Magnitude and Directional 
Error 54 
 3.4 Spearman Rank Correlation Coefficient 56 
 3.5 Summary 60 
    
4 RESULTS AND DISCUSSION 63 
 4.1 Introduction 63 
 4.2 Validation of through Parameter Modification 63 
 4.3 Validations of Forecast Accuracy Measures 66 
 
 
4.3.1 Procedure of Modification on M3-
competition data 67 
 
 
4.3.2 Results of Validation by Using M3-
Competition Data 72 
 4.4 Summary 79 
    
  
 
ix 
 
5 RESULTS AND DISCUSSION 81 
 5.1 Introduction 81 
 5.2 Indonesia Tourism Data 81 
  5.2.1 Classical Methods 82 
  5.2.2 Modern Methods 89 
 
 
5.2.3 Comparison of Forecasting Models 
Performance 91 
 5.3 Malaysia Tourism Data 97 
  5.3.1 Classical Models 99 
  5.3.2 Modern Models 115 
 
 
5.3.3 Comparison of the Forecasting Models 
Performance 118 
 5.4 Correlation between Measurement Group 124 
 5.5 Summary 125 
    
6 CONCLUSIONS 128 
 6.1 Validation using M3-Competition data 125 
 6.2 Application on Tourist Arrivals Data 129 
 6.3 Recommended Future Studies 130 
    
REFERENCES 132 
 
 
Appendices A-D 143-148 
 
  
x 
 
 
LIST OF TABLES 
 
 
 
TABLE NO. TITLE PAGE 
2.1 Summary of Time Series Forecasting Study 21 
2.2 Summary of Previous Studies Involving Accuracy 
Measures 
22 
2.3 Summary of Previous Studies Involving Malaysia and 
Bali Tourism Data 
23 
3.1 Values of λ  and their associated transformation 26 
3.2 Guideline of Box-Jenkins model identification 28 
3.3 Intervals of MAPE values that indicate the forecast 
accuracy level 45 
3.4 2 2×  contingency table of directional between forecast 
and actual data 49 
4.1 SE-mDA(c) values according to slope difference and 
standard error increment 63 
4.2 SE-mDA(i) values according to slope difference and 
standard error increment 64 
4.3 Rankings for combination of standard error and slope 
difference 65 
4.4 Summary of modification on N2575 data 69 
4.5 Result of series rankings by different forecast accuracy 
measurements 73 
5.1 Parameter estimations and diagnostic checking of 
tentative models for data of Bali 86 
5.2 Parameters estimation of time series regression model 
for tourist arrivals to Bali 88 
xi 
 
5.3 Comparison of RMSE values of tentative NN models 
for data of Bali     90 
5.4 Comparison of forecast performance in terms of RMSE 
for three FTS methods for data of Bali 91 
5.5 Forecast values of tourist arrivals to Bali (in thousand) 
by seven forecasting models 92 
5.6 Performance of difference forecasting methods for Bali 
data 94 
5.7 Spearman rank correlation within accuracy 
measurement groups for data of Bali 
 
95 
5.8 Performance of difference forecasting methods for data 
of Bali according to rankings summation of forecast 
accuracy measurement groups 96 
5.9 Parameter estimations and diagnostic checking of 
tentative models for data of Malaysia 103 
5.10 Parameters estimation of time series regression model 
for monthly Malaysia tourism demand data 105 
5.11 SAS output for outlier detection in in-sample data 108 
5.12 Results summary of parameter estimation and 
diagnostic checking for ARIMA(0,1,1) model 111 
5.13 Results summary for parameter estimation of the first 
intervention 112 
5.14 Results summary for parameter estimation of the second 
intervention 114 
5.15 Comparison of NN models in terms of RMSE values for 
data of Malaysia 117 
5.16 Comparison of FTS models in terms of RMSE values 
for data of Malaysia 118 
5.17 Forecast values of tourist arrivals (in thousand) to 
Malaysia by eight forecasting models 119 
5.18 Forecast performance of difference forecasting methods 
for Malaysia tourist arrivals 
 
120 
   
xii 
 
5.19 Spearman rank correlation within accuracy 
measurement groups of data for Malaysia 
 
122 
5.20 Performance of difference forecasting methods for data 
of Malaysia according to rankings summation of 
forecast accuracy measurement groups 123 
5.21 Agreement of rankings between different groups of 
measures according to Spearman rank correlation 
coefficient 125 
5.22 The selection of the best methods according to the 
group of measures 126 
 
  
xiii 
 
 
LIST OF FIGURE 
 
 
 
FIGURE NO. TITLE PAGE 
3.1 Example of NN architecture with two inputs and two 
neurons 36 
3.2 Difference between DCE and mDCE 53 
3.3 Flow chart for procedure of comparison within and 
between measurement groups 59 
3.4 Summary of procedure for application on real data 61 
4.1 Plot of SE-mDA(c) and SE-mDA(i) values versus 
index of combination 
 
66 
4.2 Plot of N2575, 1/a/1, 1/a/2, 2/a/1 and 2/a/2 data 70 
4.3 Plot of N2575, 1/a/1 and 1/b/1 data 70 
4.4 Plot of N2575, 1/b/1 and 3/b/7 data 71 
4.5 Plot of N2575, 2/c/1 and 3/c/2 data 71 
4.6 Time Series Plot of N2575, 0/d/0, 4/d/0, 5/d/0, 6/d/0 
and 7/d/0 71 
4.7 Time series plot of N2575, 2/a/2, 4/a/1, 2/c/1 and 2/c/2 76 
4.8 Time series plot of N2575, 0/d/0, 4/d/0, 5/d/0, 6/d/0 
and 7/d/0 77 
4.9 Time series plot of N2575, 2/c/1, 3/c/1 and 4/c/1 77 
4.10 Time series plot of N2575, 2/a/2 and 2/b/8 77 
4.11 Time Series Plot of N2575, 2/a/1 and 2/c/2 78 
4.12 Time Series Plot of N2575, 3/a/1 and 3/c/3 79 
4.13 Flow chart for first stage of validation 80 
4.14 Flow chart for second stage of validation 80 
5.1 Time series plot for of monthly tourist arrivals to Bali 
from January 1989 until December 1997 
 
82 
xiv 
 
5.2 Sample ACF plot for data of Bali 83 
5.3 Sample PACF plot for data of Bali 84 
5.4 Box-Cox plot for data of Bali 84 
5.5 Sample ACF plot for data of Bali 84 
5.6 Time series plot for data of Bali after log 
transformation and first difference 
 
85 
5.7 Sample ACF plot for transformed data of Bali after 
log transformation, first and seasonal difference 
 
85 
5.8 Sample PACF plot for data of Bali after log 
transformation, first and seasonal difference 86 
5.9 Sample ACF plot for residuals of 
SARIMA(0,1,1)(0,1,1)12 model 87 
5.10 MINITAB output of Holt-Winters model for data of 
Bali 89 
5.11 Time series plot of forecast for tourist arrivals to Bali 92 
5.12 Time series plot of forecasting of tourist arrivals to 
Bali by using Cheng’s and NN model. 96 
5.13 Time series plot for monthly tourist arrivals to 
Malaysia from January 1998 until December 2009 97 
5.14 Time series plot of out-sample data for tourist arrivals 
to Malaysia 99 
5.15 Sample ACF plot for data of Malaysia 100 
5.16 Sample PACF plot for data of Malaysia 100 
5.17 Box-Cox Plot for data of Malaysia 101 
5.18 Time series plot for data of Malaysia after first 
difference 102 
5.19 Sample ACF plot for data of Malaysia after first 
difference 102 
5.20 Sample PACF plot for data of Malaysia after first 
difference 103 
5.21 Sample ACF plot for residuals of 
SARIMA(0,1,1)(0,0,1)12 model 104 
   
xv 
 
5.22 MINITAB output of Holt-Winters model for data of 
Malaysia 
 
106 
5.23 The location of three largest outliers in monthly tourist 
arrivals to Malaysia data from January 1998 until 
December 2009 109 
5.24 ACF plot of the data before the first intervention 110 
5.25 Box-Cox Plot of the data before the first intervention 110 
5.26 ACF plot for the first partition of the data after first 
differencing 111 
5.27 PACF plot for the first partition of the data after first 
differencing 111 
5.28 Plot of response values for the first intervention 112 
5.29 Plot of response values for the second intervention 113 
5.30 Plot for data of Malaysia after logarithmic and first 
differencing 115 
5.31 Time series plot of forecast values for tourist arrivals 
to Malaysia 119 
5.32 
 
Forecast of tourist arrivals to Malaysia by using Holt-
Winters, NN and Chen’s Model 124 
 
 
  
xvi 
 
 
LIST OF ABBREVIATIONS  
 
 
 
MAPE Mean absolute percentage error  
MAD Mean absolute deviation 
RMSE Root mean squared percentage error 
AR Autoregressive  
MA Moving average  
ARIMA Autoregressive integrated moving average model  
SARIMA Seasonal autoregressive integrated moving average model 
ACF Sample autocorrelation fuction   
PACF Sample partial autocorrelation fuction 
NN Neural network  
MLP Multilayer perceptron  
FTS Fuzzy time series 
DCE Directional change error 
DA Directional accuracy 
MDA Mean directional accuracy 
DV Directional forecast value  
MDV Mean directional value 
SE-DA Standard error directional error 
mDCE Modification of directional change error  
mChi-square Modified of Chi-square test  
mFisher’s Modified of Fisher’s exact test 
mMDA Modified of MDA 
mMDV Modified of MDV 
SE-mDA Standard error modified directional error 
ID Indication number of series 
SE-mDA(c) SE-mDA values for correct directional  
xvii 
 
SE-mDA(i) SE-mda values for incorrect directional  
 
  
xviii 
 
 
LIST OF SYMBOLS 
 
 
 
λ  Parameter in Box-Cox transformation 
B Where B is the backshift operator 
ta  White noise process 
qθ
 
Non-seasonal moving average of order q 
pφ  Non-seasonal autoregressive  of order p 
PΦ  
Seasonal autoregressive of order P 
QΘ  Seasonal moving average of order Q 
M1, M2, …, M12 Dummy variables for January, February, … , December 
Lt Estimate for the level factor of the time series at time t 
Tt Estimate for the growth rate (or trend) factor of the time 
series at time t 
St Estimate for the seasonal factor of the time series at time t 
α
 Weight for level 
 γ  Weight for trend
 δ  Weight for seasonal
b Delay time for the effect of an intervention
s Time that is needed for the effect of an intervention to be 
stable
r Pattern of an intervention
tP  Pulse function of intervention 
 
tS  Step function of intervention
 bi
 
Bias, are and are  
xj
 
Independent variables or inputs 
in   i
th
 neuron in hidden layer 
xix 
 
wi,,j
 
Weight from input xj  to in  
0γ   Bias for output 
jγ   Weight from in to output 
U Universe of discourse 
( )Y t
 Universe of discourse by which fuzzy sets ( )if t are defined 
jA  Fuzzy set of U 
fAj Membership function of the fuzzy set jA  
( )F t
 Fuzzy time series defined on ( )Y t  
1 2 kj j jA , A , , A…  Forecast of ( )F t  
1 21 1 1
( ) [ , , , ]
k
M t m m m= …
 
Midpoints of 
1 2 kj j jA , A , , A…  in matrix form  
1 2( ) ' ' 'kW t w ,w , ,w= …  Corresponding weight for 1 21 1 1kA , A , , A…  in matrix form 
T
 
Time of in-sample data 
T* Time of out-sample data 
t Time for the last data in in-sample data 
*TY  Out-sample data in error measures 
n Number of forecast data 
*
ˆTy  Forecast of *Ty  at time *T  
*
( )TL e  Loss function for forecast error magnitude 
T*A  Directional of actual data between time *T and * 1T +   
T*F  Directional of forecast data between time *T and * 1T +  
1p  Probability of directionally correct forecast given the 
conditional of there is fall at time T* 
2p  Probability of directionally correct forecast given the 
conditional of there is no fall of the actual data at time T* 
n1
 
Number of observations for which 
*
0TA <  
n2 Number of observations for which 
*
0TA ≥  
m1 Number of correct forecasts given 
*
0TA <  
m2 Number of incorrect forecasts given 
*
0TA ≥  
xx 
 
1m  Minimum value of m1 
1m  Maximum value of m1 
β
 
Test statistics of the right tail test  
2χ
 
Corrected version of the Chi-square test statistic 
, *DA TL  Loss function for directional accuracy  
, *DV TL  Loss function for directional forecast value 
m,T*A  Modified directional movement of actual data 
m,T*F  Modified directional movement of forecast data 
, *mDA TL  Modified loss function for directional accuracy 
, *
.mDV TL  Modified of loss function for directional value 
Am
 
The slope of line for two consecutive actual data  
Fm
 
The slope of line for two consecutive forecast data 
2
*Te
 
Loss function for square forecast error magnitude 
, *S TL
 
Loss function for difference in slope values of actual and 
forecast data 
- , *SE mDA TL
 
Conditional loss function that combines the error 
magnitude and the difference in slope values 
µ
 
Mean of absolute first different value of N2575 series 
ρ
 
Spearman correlation coefficient 
( )iR X
 
Rankings for item i by X  
r
 
Sample Spearman correlation coefficient 
yt Monthly data of tourist arrivals   
y1t
 
In-sample data for tourist arrivals data 
y2t
 
Out-sample data for tourist arrivals data 
zt
 
Transformed data of y1t  
  
 
 
 
 
1 
 
CHAPTER 1  
 
 
 
INTRODUCTION 
 
 
 
1.1 Introduction 
 
Time series can be interpreted as a sequence of data points that are measured 
or recorded at uniform time intervals.  Time series are used in various fields of 
studies such as economics, engineering, environmental and business.  One of the 
most important application areas of time series is forecasting; where it uses a model 
to predict or estimate future values by using previous observed data.  In 
organizations of many fields, forecasting provide valuable information in decision-
making  (Bowerman et al., 2004).  Realizing this fact, researchers are always 
searching for forecasting methods that are able to improve forecast accuracy.   
 
Mean absolute percentage error (MAPE), mean absolute deviation (MAD) 
and root mean squared percentage error (RMSPE) are among the error magnitude 
measurements commonly used to assess forecast accuracy.  Generally, this type of 
measurement evaluates on how vast the difference is between the forecasted and the 
actual or observed data.  However, accuracy in terms of error magnitude alone is not 
enough especially in the field of economics as it needs to relate with decision 
making.  Moreover, in the discovery of directional accuracy (which enables 
researchers, economists and investors to have information on the directional 
behaviour of data) according to Blaskowitz and Herwartz (2011) is the variable 
under study that is likely to have upward or downward movements.  The forecast 
accuracy in terms of these movements is known as directional change error or 
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directional accuracy.  In this study, we use the term directional change error to avoid 
confusion with one of the measurements which is named directional accuracy.   
 
The information on the upturn and downturn could be more crucial than the 
error magnitude accuracy in economics (Cicarelli, 1982).  Witt et al.  (2003) found 
that error magnitude and directional change error measurement give different 
performance rankings to competitive models.  The same conclusion can also be 
found in Cicarelli (1982), Witt & Witt (1991), Witt et al. (2003) and Blaskowitz & 
Herwartz (2011).   
 
In the case of tourism demand, better forecast would help directors and 
investors to make operational, tactical, and strategic decisions.  Besides that, 
government bodies need accurate tourism demand forecasts in the planning of the 
required tourism infrastructures, such as accommodation, site planning, 
transportation development, and other needs.  In Malaysia, tourism has been 
identified as an economic development tool, generating employment, income and tax 
revenue.  The Malaysian government has a serious intention in developing tourism 
industry after the price of oil palm decreased and the world’s economy experienced a 
recession in the middle of 1980s.  For instance, numerous incentives and assistances 
were provided especially to the private sectors to stimulate their participation in 
tourism.   
 
During the UNWTO/WTTC Global Leaders for Tourism Campaign, (Kuala 
Lumpur, Malaysia, 17 October 2011) Malaysian Prime Minister, Datuk Sri Mohd. 
Najib bin Tun Abdul Razak had stated that tourism has a crucial role in transforming 
Malaysia into a high-income country by 2020.  The travel and tourism sector 
contributed 5% or RM124.7 billion of GDP in 2011 to the Malaysian economy; and 
supports 1.6 million jobs or 13.8% of total employment.  Out of a global total of 940 
million tourists, Malaysia ranked at the 9th place in the top ten international tourism 
destinations in 2010 with 24.58 million tourist arrivals.  In comparison to 2006, 
Malaysia was ranked at 14th place with 17.4 million tourist arrivals.   
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1.2 Research Background 
 
In tourism forecasting, an accurate forecast is very crucial as it influences the 
decision- making process that involves with large capital and investment.  If the 
forecasts overestimate the tourist arrivals, government and private sectors related to 
tourism will have to face with overspending.  They have to bear low returns as 
compared to what they have invested as the accommodation, facilities and 
transportations provided have not been fully utilised. In contrast, if the forecast 
underestimates tourist arrivals, the accommodation and facilities offered might be 
imperfect and inadequate.  This may affect the tourists’ perception and eventually the 
reputation of the country. Thus, resulting them not being interested to choose this 
country as their future vacation destination.  Hence, an accurate prediction of tourist 
arrivals is crucial in order to sustain the future growth of tourism industry.    
 
Witt and Witt (1995) and Song and Li (2008) who reviewed a large number of 
published works in tourism demand forecasting found that there is no single model 
that can outperformed other models consistently in all situations.  Hence, usually 
researchers will use various methods or models, and chose the best method through 
comparison study.  However, there is a problem when it comes to decision-making 
on how to choose the best model since it is highly influenced by the choice of 
accuracy measurement (Witt and Witt, 1995).   
 
Witt, et al.  (2003) pointed out that failure to predict the directional change in 
tourism demand could give serious financial consequences.  They suggested that 
researchers be certain with their forecasting objective; whether it is to minimize the 
error magnitude or the directional change error.  Previously, Granger and Pesaran 
(2000) also emphasized that the choice of forecast assessment measures should rely 
on the objective of forecasting.  However, in assessing the economic forecast value, 
it is important to consider both the magnitudes and directional movements.   
 
Granger (1999a) studied the relationship between forecast evaluation in 
statistical and economic methods.  He proposed to present forecast as a predictive 
distribution.  This approach has its limitation since not all studied variable could be 
estimated.  Hartzmark (1991) introduced a criteria known as ‘big hit ability’ which 
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considers forecast ability to obtain large profit in economic value by giving 
preference for model that is able to predict large price changes instead of small ones.  
Although it claimed that it is able to capture the sign and magnitude of data 
movements, it omits the distance between the forecasted and observed data.  It 
becomes inappropriate when competitive methods have similar performance in terms 
of direction.   
 
This study attempts to solve these problems by introducing a forecast 
accuracy evaluation that is able to simultaneously measure the error magnitude and 
direction.  In this measure, we introduced a new element in assessing forecast 
accuracy that is the value of different slope between observed and forecasted data.  
This value will cause the measure to be able to evaluate and differentiate forecasts 
that have identical direction but different error magnitude, and vice versa.    
 
 
 
1.3 Problem Statement 
 
Error magnitude measurements are commonly used to assess various 
forecasting models or methods.  However, accuracy in terms of error magnitude 
alone is not enough especially in the field of economics.  Thus, in assessing 
economic forecast value, it is important to consider both the magnitudes and 
directional movements.  The information on the directional behaviour of the data is 
very important since if the forecast fails to predict the directional change effectively, 
it could cause huge negative impact on economic activities.  It is found that error 
magnitude and directional change error measurement give different performance 
rankings of competitive models (Cicarelli, 1982; Witt and Witt, 1991; Witt et al., 
2003; Blaskowitz and Herwartz, 2011).   
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1.4 Research Questions 
 
(a) What are the drawbacks of MAPE, MAD, RMSE, Fisher’s exact test, Chi-
square test, mean directional accuracy (MDA) and mean directional value 
(MDV) in evaluating forecast accuracy for economic data.   
(b) Is there any other element that could be considered in evaluating forecast 
accuracy and subsequently improve the forecast evaluation by MDA. 
(c) What is the most appropriate forecasting method among classical methods 
(Box-Jenkins, Holt-Winters, intervention analysis and time series regression) 
and modern methods (neural networks and fuzzy time series) in order to 
forecast Malaysia’s tourism data.   
 
 
 
1.5 Objectives of the Study 
 
This study embarks on the following objective: 
(a) To develop an alternative forecast accuracy measurement by combining square 
error and directional accuracy. 
(b) To propose new approach of directional change error and then reconstruct the 
existing directional change error measurements according to the proposed 
approach. 
(c) To assess the ability of MAPE, MAD, RMSE, fisher’s exact test, Chi-square 
test, MDA, MDV and the propose measurement in evaluating forecast 
accuracy. 
(d) To evaluate the forecasting performance of classical methods (Box-Jenkins, 
Holt-Winters, intervention analysis and time series regression) and modern 
methods (neural networks and fuzzy time series) in order to forecast tourist 
arrivals. 
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1.6 Significance of the Study 
 
Forecast accuracy measures will influence the decision for choosing the best 
forecast model.  Existing measures requires the researchers to choose whether to 
assess the forecast performance in terms of error magnitude or directional errror.  
The SE-mDA which could conduct a simultaneous assesment on error magnitude and 
directional error will cause such critical decision and conclusion be made with more 
precision and confidence.  Moreover, the proposed measure does not require highly 
complex computer programme and the model is selected only through ranking.   
 
Previous studies showed that existing forecast evaluation measures have their 
own strengths and weaknessess.  Most investigations on these measures only focus 
on evaluation across multiple time series.  Thus, they are limited to scale-free or 
scale-independent measures.  In contrast, this study does not has any scale constraint 
as we compared the behaviour of measures in evaluating single series.  The 
behaviour of each measures was examined through comparison study involving 
modification on M3-competition data.  This could provide some guidelines so that 
researchers would be more concious when they utilize the forecast accuracy 
measurements; particularly when it involves with the assessment for both errors 
(magnitude and directional).   
 
It has been shown that tourism industry provides important contribution to 
Malaysia’s economic development.  Thus, an accurate forecasting of tourism demand 
is worthwhile to be investigated and studied. This is particularly true for Malaysia as 
most of the forecast tourism demand studies focus on classical time series methods.  
This research attempts to fill this gap by examining whether modern methods such as 
neural networks and fuzzy time series can produce better forecast results as 
compared to the classical time series methods.  The classical time series methods 
considered are Box-Jenkins method, Holt Winter’s, intervention and time series 
regression.   
 
There is no clear proof in concluding which model is performing better than 
the other models in all situations.  Therefore, it is appropriate that forecasting 
competitions be applied in order to procure the best forecating model.  However, 
7 
 
according to Song and Li (2008) (who reviewed 121 published studies since 2000 in 
tourism demand modelling and forecasting) most of the previous tourism forecasting 
competition studies are only involved with less than five models.  In contrast, the 
comparative study in this research involves eight different forecasting models.  
Moreover, their forecast accuracy were also assessed through several aspects, 
specifically in terms of error magnitude, directional change error and proposed 
measures.  Thus, it may provide a better conclusion in finding the most appropriate 
model to forecast tourism demand.  In the future, this particular model might be 
studied in greater detail in order to adapt with the data.  Hence, it could establish a 
direction in research on Malaysia’s tourism demand forecasting.        
 
This study involves tourist arrivals to two different destinations.  The main 
difference between this data is the presence of outliers data.  The changes in forecast 
performance against the presence of outliers is examined through comparison study.  
This will provide beneficial information guideline in deciding whether a particular 
model is appropriate to be applied in forecasting whenever the historical data 
contains outlier.   
 
 
 
1.7 Scope and Limitation of the Study 
 
Classical time series methods that will be applied in this study are Box-
Jenkins model, time series regression, intervention analysis and Holt Winter’s 
method.  Meanwhile, the modern methods are neural networks and fuzzy time series.  
Meanwhile, the forecast accuracy of all these methods will be evaluated and 
compared by using MAPE, MAD, RMSE, fisher’s exact test, Chi-square test, MDA, 
MDV and SE-mDA. 
 
There are several types of directional accuracy assessment such as turning 
point, directional change error and circle growth.  In this research we only focus on 
directional change error since it is more appropriate in the application of Malaysia’s 
tourism demand data where it is very unlikely to have data that fulfils the trend 
change pattern.  Moreover, directional change error also makes the construction of 
8 
 
mixed measurement of error magnitude and directional accuracy possible as it only 
needs comparison on the directions between two consecutive data.   
 
The data involved in the comparison of forecasting models performance is 
inbound tourist arrivals to Malaysia and Bali.  The data of Malaysia and Bali is 
consisted of monthly data starting January 1998 until December 2009, and January 
1989 until December 1997, respectively.  The M3-competition data is used only for 
simulation study.  For simulation purpose, financial data coded as N2575 series from 
M3-competition data is used.  This data is taken from the website of International 
Institute of Forecasters (http://forecasters.org/resources/time-series-data/m3-
competition/).  Only 18 data which is the out-sample data from this series was 
considered.           
  
The limitations of the proposed measures are that they are only appropriate to 
be applied on univariate series since they are scale dependent. Moreover, they do not 
take into account the presence of outlier. This study does not attempt to find the best 
forecasting model in tourism forecasting since it is impossible to have a single model 
that could give the most accurate forecast in all situations.  The most appropriate 
forecasting model is only for the particular data, forecast horizon and in terms of 
accuracy measure used.    
 
 
 
1.8 Structure of Thesis  
 
This thesis consists of five chapters.  The second chapter presents literature 
review that covers Malaysia’s tourism forecasting and modelling, classical and 
modern forecasting methods, and forecast accuracy evalution.  The following chapter 
explains in detail the forecasting models and the simulation procedure.  Results of 
the study will be explained and discussed in Chapter 4.  This includes the results of 
simulation studies and comparison of forecast performance by classical and modern 
forecasting models. Finally, Chapter 5 presents the conclusion, summary and 
recommendation for future studies. 
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This research found that NN has a good potential to forecast tourism data 
effectively in terms of error magnitude.  However, it has weakness to forecast the 
direction (as the propose approach) when there is outliers.  Thus, this method is 
beneficial to be studied more in-depth together with outlier analysis so that it can 
cope with data that contain outliers such in Malaysia tourism data.  Besides, one of 
the most important properties of NN that could be interesting and beneficial to 
investigate is the solution to find the optimum input lags of NN.  It could give 
significant improvement of NN forecast performance.    
 
132 
 
 
 
 
 
REFERENCES 
 
 
 
Aladag, Basaran, Egrioglu, Yolcu and Uslu. (2009). Forecasting in high order fuzzy 
times series by using neural networks to define fuzzy relations. Expert 
Systems with Applications, 36(3, Part 1), 4228-4231. 
Aramberri. (2009). The future of tourism and globalization: Some critical remarks. 
Futures, 41(6), 367-376. 
Armstrong and Collopy. (1992). Error measures for generalizing about forecasting 
methods: Empirical comparisons. International Journal of Forecasting, 8(1), 
69-80. 
Arsad, Baine and Johor. (2010). Estimating European Tourism Demand for 
Malaysia. World Academy of Science, Engineering and Technolog, 42 1592-
1597. 
Ash, Smyth and Heravi. (1998). Are OECD forecasts rational and useful?: a 
directional analysis. International Journal of Forecasting, 14(3), 381-391. 
Baghestani. (2009). Evaluating Random Walk Forecasts of Exchange Rates. Studies 
in Economics and Finance, 26(3), 171-181. 
Bakar, Mohemad, Ahmad and Deris. (2006, 7-9 June 2006). A Comparative Study 
for Outlier Detection Techniques in Data Mining. Paper presented at the 
Cybernetics and Intelligent Systems, 2006 IEEE Conference on. 
Bates and Granger. (1969). The Combination of Forecasts. OR, 20(4), 451-468. 
Berger. (1985). Statistical decision theory and Bayesian analysis (2nd ed.). New 
York: Springer-Verlag. 
Blaskowitz and Herwartz. (2008a). Adaptive forecasting of the EURIBOR swap term 
structure. Journal of Forecasting, 28(7), 575-594. 
Blaskowitz and Herwartz 2008b. Testing directional forecast value in the presence of 
serial correlation. SFB 649 Discussion Papers from Humboldt University, 
Collaborative Research Center 649. 
133 
 
Blaskowitz and Herwartz. (2011). On economic evaluation of directional forecasts. 
International Journal of Forecasting, 27(4), 1058-1065. 
Bowerman, O'connell and Koehler. (2004). Forecasting, time series and regression: 
An applied approach (Fourth ed.): Curt Hinrichs. 
Box, Jenkins and Reinsel. (1994). Time Series Analysis Forecasting And Control. 
(third ed.). 
Box and Tiao. (1975). Intervention Analysis with Applications to Economic and 
Environmental Problems. Journal of the American Statistical Association, 
70(349), 70-79. 
Brown. (2001). How Important is Past Analyst Forecast Accuracy? Financial 
Analysts Journal,, 57(6). 
Bruce L. Bowerman. (2004). Forecasting, Time Series , And Regression An Applied 
Approach: Thomson Brooks/Cole. 
Calantone, Di Benedetto and Bojanic. (1987). A comprehensive review of the 
tourism forecasting literature. Journal of Travel Research, 26(2), 28-39. 
Chao-Hung. (2004). Predicting tourism demand using fuzzy time series and hybrid 
grey theory. Tourism Management, 25(3), 367-374. 
Chatfield. (1992). A commentary on error measures. International Journal of 
Forecasting, 8(1), 100-102. 
Chen. (1996). Forecasting enrollments based on fuzzy time series. Fuzzy Sets and 
Systems, 81(3), 311-319. 
Chen. (2002). Forecasting Enrollments Based on High-Order Fuzzy Time Series. 
Cybernetics and Systems, 33(1), 1-16. 
Chen, Lai and Yeh. (2012). Forecasting tourism demand based on empirical mode 
decomposition and neural network. Knowledge-Based Systems, 26(0), 281-
287. 
Cheng. (2008). Fuzzy time-series based on adaptive expectation model for TAIEX 
forecasting. Expert Systems with Applications, 34(2), 1126-1132. 
Cho. (2003). A comparison of three different approaches to tourist arrival 
forecasting. Tourism Management, 24(3), 323-330. 
Cicarelli. (1982). A new method of evaluating the accuracy of economic forecasts. 
Journal of Macroeconomics, 4(4), 469-475. 
Clapham 2009. In: NICHOLSON, J. (ed.) Oxford Concise Dictionary of 
Mathematics. fourth ed. Oxford: Addison-Wesley. 
134 
 
Conover. (1999). Practical Nonparametric Statistics (3rd ed.): John Wiley & Sons, 
Inc. . 
Cumby and Modest. (1987). Testing for market timing ability: A framework for 
forecast evaluation. Journal of Financial Economics, 19(1), 169-189. 
De Gooijer and Hyndman. (2006). 25 years of time series forecasting. International 
Journal of Forecasting, 22(3), 443-473. 
Dorfman and Mcintosh. (1990). Results of a Price Forecasting Competition. 
American Journal of Agricultural Economics, 72(3), 804-808. 
Egrioglu, Aladag and Yolcu. (2013). Fuzzy time series forecasting with a novel 
hybrid approach combining fuzzy c-means and neural networks. Expert 
Systems with Applications, 40(3), 854-857. 
Egrioglu, Aladag, Yolcu, Basaran and Uslu. (2009). A new hybrid approach based on 
SARIMA and partial high order bivariate fuzzy time series forecasting model. 
Expert Systems with Applications, 36(4), 7424-7434. 
Elliott and Timmermann. (2008). Economic Forecasting. Journal of Economic 
Literature, 46(1), 3-56. 
Elliott, Timmermann and Komunjer. (2005). Estimation and Testing of Forecast 
Rationality under Flexible Loss. The Review of Economic Studies, 72(4), 
1107-1125. 
Everitt. (1992). The Analysis of Contingency Tables (Second ed.). London: Chapman 
and Hall. 
Faraway. (1998). Time Series Forecasting With Neural Networks: A Comparative 
Study Using The Air Line Data. Journal Of The Royal Statistical Society: 
Series C (Applied Statistics). 47, 231-250. 
Fisher, Genetiker, Fisher, Genetician, Britain and Généticien. (1970). Statistical 
methods for research workers (Vol. 14): Oliver and Boyd Edinburgh. 
George and Jenkin. (1970). Time series analysis: Forecasting and control: San 
Francisco: Holden-Day. 
Gheyas and Smith. (2009, July 2009). A Neural Network Approach to Time Series 
Forcasting. Paper presented at the Proceedings of the World Congress on 
Engineering 2009, WCE. 
Goh and Law. (2002). Modeling and forecasting tourism demand for arrivals with 
stochastic nonstationary seasonality and intervention. Tourism Management, 
23(5), 499-510. 
135 
 
Gordon and Tanner. (1991). Economic Forecast Evaluation: Profits Versus the 
Conventional Error Measures. The American Economic Review, 81(3), 580-
590. 
Granger 1999a. Economic and Statistical Measures of Forecast Accuracy. 
Granger. (1999b). Outline of forecast theory using generalized cost functions. 
Spanish Economic Review, 1(2), 161-173. 
Granger and Pesaran. (2000). Economic and statistical measures of forecast 
accuracy. Journal of Forecasting, 19(7), 537-560. 
Greer. (2005). Combination forecasting for directional accuracy: An application to 
survey interest rate forecasts. Journal of Applied Statistics, 32(6), 607-615. 
Habibi, Abdul Rahim and Chin 2008. United Kingdom and United States Tourism 
Demand for Malaysia:A Cointegration Analysis. MPRA Paper. 
Hansen and Singleton. (1982). Generalized Instrumental Variables Estimation of 
Nonlinear Rational Expectations Models. Econometrica, 50(5), 1269-1286. 
Hartzmark. (1991). Luck Versus Forecast Ability: Determinants of Trader 
Performance in Futures Markets. The Journal of Business, 64(1), 49-74. 
Haykin. (1994). Neural networks: a comprehensive foundation (Second ed.): 
Prentice Hall PTR. 
Henriksson and Merton. (1981). On Market Timing and Investment Performance 2: 
Statistical Procedures for Evaluating Forecasting Skills. Journal of Busines, 
54, 513-33. 
Huarng. (2001). Effective lengths of intervals to improve forecasting in fuzzy time 
series. Fuzzy Sets and Systems., 123(3), 387-394. 
Huarng, Moutinho and Yu. (2007). An Advanced Approach to Forecasting Tourism 
Demand in Taiwan. Journal of Travel & Tourism Marketing, 21(4), 15-24. 
Hyndman and Koehler. (2006). Another look at measures of forecast accuracy. 
International Journal of Forecasting, 22(4), 679-688. 
Ismail, Suhartono, Yahaya and Efendi. (2009). Intervention model for analyzing the 
impact of terrorism to tourism industry. Journal of Mathematics and 
Statistics, 5(4), 322-329. 
Jain and Kumar. (2007). Hybrid neural network models for hydrologic time series 
forecasting. Applied Soft Computing, 7(2), 585-592. 
136 
 
Jennifer. (2008). Forecasting Japanese tourism demand in Taiwan using an 
intervention analysis. International Journal of Culture, Tourism and 
Hospitality Research, 2(3), 197 - 216. 
Kaastra and Boyd. (1996). Designing a neural network for forecasting financial and 
economic time series. Neurocomputing, 10(3), 215-236. 
Kadir, Nayan and Abdullah. (2013). A Panel Data Analysis of International Tourist 
Arrivals from ASEAN Countries to Malaysia. Procedia Economics and 
Finance, 7(0), 80-85. 
Kuan-Yu. (2011). Combining linear and nonlinear model in forecasting tourism 
demand. Expert Systems with Applications, 38(8), 10368-10376. 
Kuo, Chen, Tseng, Ju and Huang. (2008). Assessing impacts of SARS and Avian Flu 
on international tourism demand to Asia. Tourism Management, 29(5), 917-
928. 
Lai. (1990). An evaluation of survey exchange rate forecasts. Economics Letters, 
32(1), 61-65. 
Law. (2000). Back-propagation learning in improving the accuracy of neural 
network-based tourism demand forecasting. Tourism Management, 21(4), 
331-340. 
Law and Au. (1999). A neural network model to forecast Japanese demand for travel 
to Hong Kong. Tourism Management, 20(1), 89-97. 
Lee, Song and Mjelde. (2008). The forecasting of International Expo tourism using 
quantitative and qualitative techniques. Tourism Management, 29(6), 1084-
1098. 
Lee, Suhartono and Sanugi. (2010). Multi Input Intervention Model for Evaluating 
the Impact of the Asian Crisis and Terrorist Attacks on Tourist Arrivals. 
MATEMATIKA, 26(1), 83-106. 
Lehmann. (2013). 3σ-Rule for Outlier Detection from the Viewpoint of Geodetic 
Adjustment. Journal of Surveying Engineering, 139(4), 157-165. 
Leitch and Ernesttanner. (1995). Professional economic forecasts: Are they worth 
their costs? Journal of Forecasting, 14(2), 143-157. 
Lewis. (1982). Industrial and business forecasting methods: A practical guide to 
exponential smoothing and curve fitting: Butterworth Scientific  (London and 
Boston). 
137 
 
Lim and Mcaleer. (2001). Forecasting tourist arrivals. Annals of Tourism Research, 
28(4), 965-977. 
Lin, Chen and Lee. (2011). Forecasting tourism demand using time series, artificial 
neural networks and multivariate adaptive regression splines: evidence from 
Taiwan. International Journal of Business Administration, 2(2), p14. 
Loganathan and Ibrahim. (2010a). Forecasting International Tourism Demand in 
Malaysia Using Box Jenkins Sarima Application. South Asian Journal of 
Tourism and Heritage, 3(2). 
Loganathan and Ibrahim. (2010b). Forecasting International Tourism Demand in 
Malaysia Using Box Jenkins Sarima Application. 3(2). 
Loganathan, Thirunaukarasu and Mori. (2012). Is 'Malaysia truly Asia'? Forecasting 
tourism demand from ASEAN using SARIMA approach. Tourismos  7(1), 
367-381. 
Luk, Ball and Sharma. (2000). A study of optimal model lag and spatial inputs to 
artificial neural network for rainfall forecasting. Journal of Hydrology, 
227(1–4), 56-65. 
Makridakis, Andersen, Carbone, Fildes, Hibon, Lewandowski, Newton, Parzen and 
Winkler. (1982). The accuracy of extrapolation (time series) methods: Results 
of a forecasting competition. Journal of Forecasting, 1(2), 111-153. 
Makridakis, Chatfield, Hibon, Lawrence, Mills, Ord and Simmons. (1993). The M2-
competition: A real-time judgmentally based forecasting study. International 
Journal of Forecasting, 9(1), 5-22. 
Makridakis and Hibon. (2000). The M3-Competition: results, conclusions and 
implications. International Journal of Forecasting, 16(4), 451-476. 
Masters. (1995). Advanced algorithms for neural networks: a C++ sourcebook: John 
Wiley & Sons, Inc. 
Mckenzie. (2011). Mean absolute percentage error and bias in economic forecasting. 
Economics Letters, 113(3), 259-262. 
Merton. (1981). On Market Timing and Investment Performance 1: An Equilibrium 
Theory of Value for Market Forecasts. Journal of Business, 54, 363-406. 
Mohd and Mohd. (2010). Tourism Demand in Malaysia: A cross-sectional pool time-
series analysis. International Journal of Trade, Economics and Finance, 1(2). 
Mohd Salleh, Chee and Othman. (2011, 2011/01/01/). Estimating tourism demand 
from China market to Malaysia. Paper presented at the Proceedings of the 
138 
 
2011 International Summer Conference of Asia Pacific Business Innovation 
and Technology Management (APBITM 2011), Place of Publication: 
Piscataway, NJ, USA; Dalian, China. Country of Publication: USA. 
Mohd Salleh, Othman, Mohd Noor and Hasim. (2010). Malaysian tourism demand 
from the Middle East Market: a preliminary analysis. Jurnal Antarabangsa 
Kajian Asia Barat, 2(1), 37-52. 
Mohd Salleh, Othman and Ramachandran. (2007). Malaysia’s Tourism Demand 
from Selected Countries: The ARDL Approach to Cointegration. 
International Journal of Economics and Management, 1(3), 345-363. 
Mohd Salleh, Siong-Hook, Ramachandran, Shuib and Noor. (2008). Asian Tourism 
Demand for Malaysia: a Bound Test Approach. Contemporary Management 
Research 4(4), 351–368. 
Nyberg. (2011). Forecasting the direction of the US stock market with dynamic 
binary probit models. International Journal of Forecasting, 27(2), 561-578. 
Oh and Morzuch. (2005). Evaluating time-series models to forecast the demand for 
tourism in Singapore: Comparing within sample and post-sample results. . 
Journal of Travel Research., 43, 404-413. 
Óscar and Salvador. (2014). Forecasting tourism demand to Catalonia: neural 
networks vs. time series models. Economic Modelling, 2014, num. 36, p. 220-
228. 
Palmer, José Montaño and Sesé. (2006). Designing an artificial neural network for 
forecasting tourism time series. Tourism Management, 27(5), 781-790. 
Park, Murray and Chen. (1996). Predicting sun spots using a layered perceptron 
neural network. Neural Networks, IEEE Transactions on, 7(2), 501-505. 
Pesaran and Timmermann. (2004). How costly is it to ignore breaks when 
forecasting the direction of a time series? International Journal of 
Forecasting, 20(3), 411-425. 
Petropoulos. (2005). A technical analysis approach to tourism demand forecasting. 
Applied Economics Letters., 12, 327-333. 
Prideaux, Laws and Faulkner. (2003). Events in Indonesia: exploring the limits to 
formal tourism trends forecasting methods in complex crisis situations. 
Tourism Management, 24(4), 475-487. 
Qing, Chun-Jiang, Liang and Xinyu. (2010, 23-26 Sept. 2010). Training neural 
networks by electromagnetism-like mechanism algorithm for tourism arrivals 
139 
 
forecasting. Paper presented at the Bio-Inspired Computing: Theories and 
Applications (BIC-TA), 2010 IEEE Fifth International Conference on. 
Ruan, Chen and Kerre. (2005). Intelligent Data Mining: Techniques and 
Applications: Springer. 
Rumelhart, Hintont and Williams. (1986). Learning representations by back-
propagating errors. Nature, 323(6088), 533-536. 
Sallehuddin and Shamsuddin. (2009). Hybrid grey relational artificial neural network 
and auto regressive integrated moving average model for forecasting time-
series data. Applied Artificial Intelligence, 23(5), 443-486. 
Sarle. (1994). Neural networks and statistical models. Paper presented at the 
Proceedings of the Nineteenth Annual SAS Users Group International 
Conference. SAS Institute. 
Schnader and Stekler. (1990). Evaluating Predictions of Change. The Journal of 
Business, 63(1), 99-107. 
Shahrabi, Hadavandi and Asadi. (2013). Developing a hybrid intelligent model for 
forecasting problems: Case study of tourism demand time series. Knowledge-
Based Systems, 43(0), 112-122. 
Shen, Li and Song. (2011). Combination forecasts of International tourism demand. 
Annals of Tourism Research, 38(1), 72-89. 
Shi. (2000). Reducing Prediction Error by Transforming Input Data for Neural 
Networks. Journal of Computing in Civil Engineering, 14(2), 109-116. 
Shitan. (2006). Detecting Outliers for Tourist Arrivals to Malaysia using 
REGARIMA Model. Paper presented at the 2nd IMT-GT Regional 
Conference on Mathmatics, Statistics and Applications Universiti Sains 
Malaysia, Penang. 
Shitan. (2008). Time series modelling of tourist arrivals to Malaysia. InterStat, 1-12. 
Sinclair, Stekler and Kitzinger. (2006). Directional forecasts of GDP and inflation: a 
joint evaluation with an application to Federal Reserve predictions. Applied 
Economics, 42(18), 2289-2297. 
Sinclair, Stekler and Kitzinger. (2008). Directional forecasts of GDP and inflation: a 
joint evaluation with an application to Federal Reserve predictions. Applied 
Economics, 42(18), 2289-2297. 
Singh and Borah. (2013). High-order fuzzy-neuro expert system for time series 
forecasting. Knowledge-Based Systems, 46(0), 12-21. 
140 
 
Smeral and Wüger. (2005). Does Complexity Matter? Methods for Improving 
Forecasting Accuracy in Tourism: The Case of Austria. Journal of Travel 
Research, 44(1), 100-110. 
Smith. (1993). Neural networks for statistical modeling. New York: Van Nostrand 
Reinhold: Thomson Learning. 
Song and Chissom. (1993a). Forecasting enrollments with fuzzy time series-part I. 
Fuzzy Sets Syst., 54(1), 1-9. 
Song and Chissom. (1993b). Fuzzy time series and its models. Fuzzy Sets Syst., 
54(3), 269-277. 
Song and Li. (2008). Tourism demand modelling and forecasting: A review of recent 
research. Tourism Management, 29(2), 203-220. 
Song, Li, Witt and Athanasopoulos. (2011). Forecasting tourist arrivals using time-
varying parameter structural time series models. International Journal of 
Forecasting, 27(3), 855-869. 
Suhartono. (2011). A Hybrid Approach based on Winter's Model and Weighted 
Fuzzy Time Series for Forecasting Trend and Seasonal Data Am. J. Math. 
Statistics., 7(3), 177-183. 
Suhartono, Lee and Javedani. (2011). A Weighted Fuzzy Integrated Time Series for 
Forecasting Tourist Arrivals Informatics Engineering and Information 
Science (Vol. 252, pp. 206-217): Springer Berlin Heidelberg. 
Tan, Mccahon and Miller. (2002a). Modeling tourist flows to Indonesia and 
Malaysia. Journal of Travel & Tourism Marketing, 13(1-2), 61-82. 
Tan, Mccahon and Miller. (2002b). Stability of Inbound Tourism Demand Models 
for Indonesia and Malaysia: The Pre-and Postformation of Tourism 
Development Organizations. Journal of Hospitality & Tourism Research, 
26(4), 361-378. 
Tang and Fishwick. (1993). Feedforward Neural Nets as Models for Time Series 
Forecasting. ORSA Journal on Computing, 5(4), 374-385. 
Teoh, Chen, Cheng and Chu. (2009). A hybrid multi-order fuzzy time series for 
forecasting stock markets. Expert Systems with Applications, 36(4), 7888-
7897. 
Tofallis October, 2013. Measuring Relative Accuracy: A Better Alternative to Mean 
Absolute Percentage Error Hertfordshire Business School Working Paper 
(2013). 
141 
 
Tsaur and Kuo. (2011). The adaptive fuzzy time series model with an application to 
Taiwan's tourism demand. Expert Syst. Appl., 38(8), 9164-9171. 
Unwto and Ilo December 2009. Economic Crisis, International Tourism Decline and 
Its Impact on the Poor. 
Uysal and El Roubi. (1999). Artificial Neural Networks versus Multiple Regression 
in Tourism Demand Analysis. Journal of Travel Research, 38(2), 111-118. 
Virili and Freisleben. (2000, 2000). Nonstationarity and data preprocessing for 
neural network predictions of an economic time series. Paper presented at the 
Neural Networks, 2000. IJCNN 2000, Proceedings of the IEEE-INNS-ENNS 
International Joint Conference on. 
Wackerly. (2007). Mathematical Statistics with Applications (7 ed.): Belmont, CA, 
USA: Thomson Higher Education  
Wang. (2004). Predicting tourism demand using fuzzy time series and hybrid grey 
theory. Tourism Management, 25(3), 367-374. 
Wang and Hsu. (2008). Constructing and applying an improved fuzzy time series 
model: Taking the tourism industry for example. Expert Systems with 
Applications, 34(4), 2732-2738. 
Wei. (2006). Time series analysis: univariate and multivariate methods. (second 
ed.): Pearson Addison Wesley. 
Who. 2003. Summary of probable SARS cases with onset of illness from 1 November 
2002 to 31 July 2003 [Online]. Available: died 
diedhttp://www.who.int/csr/sars/country/table2004_04_21/en/ [Accessed]. 
Winters. (1960). Forecasting sales by exponentially weighted moving averages. 
Management Science, 6(3), 324-342. 
Witt, Song and Louvieris. (2003). Statistical Testing in Forecasting Model Selection. 
Journal of Travel Research, 42(2), 151-158. 
Witt and Witt. (1991). Tourism Forecasting: Error Magnitude, Direction of Change 
Error, and Trend Change Error. Journal of Travel Research, 30(2), 26-33. 
Witt and Witt. (1995). Forecasting tourism demand: A review of empirical research. 
International Journal of Forecasting, 11(3), 447-475. 
Wong, Song, Witt and Wu. (2007). Tourism forecasting: To combine or not to 
combine? Tourism Management, 28(4), 1068-1078. 
Yates. (1934). Contingency Tables Involving Small Numbers and the χ2 Test. 
Supplement to the Journal of the Royal Statistical Society, 1(2), 217-235. 
142 
 
Yu. (2005). Weighted fuzzy time series models for TAIEX forecasting. Physica A: 
Statistical Mechanics and its Applications, 349(3-4), 609-624. 
Zaier, Shu, Ouarda, Seidou and Chebana. (2010). Estimation of ice thickness on 
lakes using artificial neural network ensembles. Journal of Hydrology, 
383(3–4), 330-340. 
Zhang. (2003). Time series forecasting using a hybrid ARIMA and neural network 
model. Neurocomputing, 50(0), 159-175. 
Zhang, Patuwo and Hu. (2001). A simulation study of artificial neural networks for 
nonlinear time-series forecasting. Computers & Operations Research, 28(4), 
381-396. 
Zhang and Qi. (2005). Neural network forecasting for seasonal and trend time series. 
European Journal of Operational Research, 160(2), 501-514. 
 
 
 
